A semi-automated method is presented for the determination of the degree of stenosis of the internal carotid artery (ICA) in 3D contrast-enhanced (CE) MR angiograms. Hereto, we determined the central vessel axis (CA), which subsequently is used as an initialization for a level-set based segmentation of the stenosed carotid artery. The degree of stenosis is determined by calculating the average diameters of cross-sectional planes along the CA. For twelve ICAs the degree of stenosis was determined and correlated with the scores of two experts (NASCET criterion). The Spearman's correlation coefficient for the proposed method was 0.96 (p<0.001), versus 0.89 and 0.88 (p<0.001) for the manual scores, and a smaller bias and tighter confidence bounds for the automated method were found.
Introduction
Stroke is the third leading cause of death in the western world and is responsible for major disability among survivors [1] . Intra-arterial digital subtraction angiography (IA-DSA) has historically been regarded as the gold standard for visualization of the internal carotid artery (ICA). Especially the degree of stenosis is an important measure for selecting patients for carotid endarterectomy [2] . However, IA-DSA carries a risk of stroke in patients with atherosclerosis. Clinical studies have demonstrated that less invasive techniques, like magnetic resonance angiography (MRA) and computerized tomographic angiography (CTA), are useful alternatives for patient selection [3, 4] . Therefore, there is an interest in automated reproducible stenosis grading of carotid arteries from CT and MR data. Westenberg et al. performed vesseldiameter measurements on Maximum Intensity Projections (MIPs) of Gadolinium (Gd) Contrast-Enhanced (CE) MRA datasets along a line drawn perpendicular to the vessel [5] . Frangi et al. used a method in which a surface represented by a B-spline was fitted to the data using prior knowledge of the image formation process [6] . In this paper an alternative approach is adopted for semi-automatic segmentation of the ICA. First, a path-tracking tool is utilized, which automatically determines the central vessel axis (CA) of a stenosed carotid artery, based on user-defined points. Subsequently, the stenosed artery is segmented using level-set techniques with the CA as initialization. The segmentation is used to determine the degree of stenosis. Previously, Lorigo et al. [7] presented level-set techniques for vessel segmentation. However, in this approach the CA is not used as initialization, which is an essential step in our approach. Moreover, the method has not been applied or evaluated to (carotid artery) stenosis grading. The technique presented in this paper was compared to manual scores on CE-MRA datasets and DSA images of twelve stenosed carotid arteries.
Method
The presented method segments the ICA using level-set techniques with the CA a collection of seedpoints. Figure 1 shows a block-diagram outlining the key steps in our approach. First, a method is applied that determines the CA (Section 2.1). Subsequently, the CA is used as initialization for level-set based segmentation of the ICA (Section 2.2). Finally, the vessel quantification is described in Section 2. 
Central Axis Determination
The CA is determined as the minimum-cost path between two user-defined points [8] . Costs are given by the reciprocal value of an image in which vessellike structures are enhanced, using the vesselness filter as described by Frangi et al. [9] (see also Section 2.2). A bi-directional search-tree is started from both the starting node and the goal node simultaneously. The evolution of the search tree is continued until the two fronts meet. The accuracy of the CA with respect to manual tracings has been demonstrated in [10] .
Level-Set Based Vessel Segmentation
In this section we describe the level-set technique, as formulated by Osher [11] and Sethian [12] , applied to segmentation of the ICA, with the CA as initialization. This segmentation can be regarded as the evolution of a front, or interface, towards the vessel boundaries. Rather than evolving an interface itself, it is represented by the zero level-set of a higher dimensional function. To formalize these notions, let Γ (t) denote a time-dependent closed 2-dimensional surface representing the evolving segmentation. This interface evolves in its normal direction according to:
Here F denotes the speed function and N is the normal vector to the surface, pointing outwards. Now, a 3-dimensional function φ(t) is defined such that [(φ(t) = 0)] = Γ (t), i.e. Γ (t) is represented by the zero level-set of φ(t) at all times. It can easily be shown that if Γ (t) evolves according to Equation 1, the evolution of φ(t) is given by:
Thus, the evolution of the zero level-set of φ(t) equals the evolution of Γ (t). Therefore, in level-set based image segmentation, the evolution of Γ (t) is implicitly defined by evolving φ(t). This approach has the advantage that topological changes in Γ (t) (like breaking and merging) are handled naturally.
In order to capture the vessel boundaries, an appropriate speed function F needs to be selected. For this purpose we investigated the effect of grey-level-, gradientand vesselness-based speed functions.
Grey-level based speed function
The histogram of the CE-MRA dataset shows two distinct peaks, representing the background and the vasculature. Therefore, two normal distributions were fitted on the histogram of the dataset. The parameters that describe the distribution of both the background and the vasculature (N (µ b , σ b ) and N (µ v , σ v ), respectively) were determined using the expectation-maximization algorithm [13] . Since in CE-MR angiography vessels give higher signal than the background, it is clear that µ v > µ b . Based on these parameters, the grey-level-based speed term is defined as:
where x is the image grey-value. Note that with this approach no ad hoc threshold parameter is selected as it is derived from image information.
Gradient-level based speed function
The gradient image is calculated by convolving the dataset with the firstorder derivative of the Gaussian kernel. The gradient-based speed function is given by:
where ∇I(x, σ grad ) is the gradient computed at scale σ grad at position x.
Vesselness-based speed function
This speed term, F V , equals the vesselness function as described in [9] , and is based on the eigenvalues |λ 1 | ≤ |λ 2 | ≤ |λ 3 | of the Hessian matrix, that is determined by convolving the image with the second order derivatives of the Gaussian kernel at scale σ. In case of an ideal tubular structure |λ 1 | = 0, |λ 1 | |λ 2 |, and λ 2 = λ 3 . Moreover, the total magnitude of the eigenvalues reflects the amount of second-order structureness. Therefore, from the eigenvalues, three terms are constructed which are used in the vesselness filter, viz.:
Here R A is essential for distinguishing between plate-like and line-like structures, R B accounts for the deviation from a blob-like structure, and S is the measure of second-order structureness. In the ideal situation |λ 1 | = 0, |λ 1 | |λ 2 |, and λ 2 = λ 3 . The vesselness-based speed function is a discriminant function based on these three terms:
where
The parameters α, β, and γ tune the sensitivity of the filter to deviations in R A , R B , and S, respectively. The filter is applied at multiple scales that span the expected vessel-widths.
Combined speed function
Since the speed terms mentioned above have different properties, a combined speed function can be composed by multiplying them:
where a speed term is set to 1 if it is not included. All speed terms are normalized, so values are in the range [0, 1].
Vessel Quantification
The degree of stenosis according to the NASCET criterion [2] is given by (see also Figure 2 ):
a b This measure is defined for DSA data, which are projection images. In the method we propose, the degree of stenosis is determined from cross-sectional MR slices. In order to determine the degree of stenosis that is comparable to the NASCET criterion, we used the average diameter of the cross-sectional planes along the CA. In this study 12 stenosed carotids arteries were screened. From all carotid arteries both a DSA dataset (consisting of three projections (posteroanterior, oblique, and lateral)) and a CE-MRA dataset were available. ) * 100%) used for the internal carotid artery.
Results

Central Axis Determination
In order to determine the CA, the vesselness image is computed at 25 scales (exponentially increasing) in the range of σ = 0.25 -7.5 mm. For the vesselenhancement, the parameters α and β were both fixed at 0.5, while γ equals 25% of the maximum occurring pixel value in the 3D dataset. In case one of the eigenvalues is large, S will be large; the output of this filtering process is rather insensitive to the value of γ. In all datasets, the CA was everywhere located inside the lumen and could be used as initialization for the level-set based segmentation.
Level-Set Based Vessel Segmentation
Vessel segmentation is achieved via level-set techniques using the CA as initialization. Hereto, we implemented Equation 2 using a simple Euler forward-scheme with time-step ∆t = 0.1. We tested the influence of the different speed functions as given by Equations 3 through 6 separately. The gradient-based speed image was computed using σ grad = 0.75 mm, which is a trade-off between noisesuppression on the one side, and taking the width of the ICA into account on the other side. The parameters of the vesselness-based speed image were equal to those used for the CA determination (see Section 3.1). It was found that the segmentation was most robustly estimated using a combination of the speed terms. Therefore, the evaluation on all datasets was carried out by evolving a front utilizing the CA as initialization and the speed function given by F = F I F ∇ F V . In Figure 3 a typical segmentation and a diameter-vs-length plot are shown.
Stenosis Grading
Expert grading of the DSA images was performed by averaging the scores from all available projections without vessel over-projection. Quantification of CE-MR angiograms was done by two experts by averaging the degree of stenosis computed from MIPs in posteroaterior, oblique, and lateral views without vessel over-projection. The same ICAs were graded with the level-set based technique by determining the average diameter of cross-sectional planes along the CA, that was resampled every 0.5 millimeter. Table 1 shows the results of the comparison between the DSA and CE-MRA for the two experts and the level-set based technique. The correlation coefficient indicates a better agreement between the level-set based technique and DSA than the experts. Figure 4 shows the linear regression with the 95% confidence intervals (0.89, 0.88, and 0.96 for expert I, expert II, and the level-set based method, respectively).
Discussion
A method is presented for segmentation of the ICA, which is based on level-set techniques. By using the CA as initialization, the method is better suited for segmenting vascular structures, since the initialization is everywhere near the vessel wall. The method has been applied to carotid artery stenosis grading in CE-MRA data, and compared to measurements made by clinical experts. The results show that the presented method correlates better (Spearman's correlation coefficient 0.96 (p<0.001)) with DSA than the manual measurements (Spearman's correlation coefficient 0.89 and 0.88 (p<0.001), respectively). Also the reproducibility increased (tighter confidence bounds). Since only minimal user interaction is needed, and no restrictions are made with respect to the shape of the segmentation (e.g. circular cross-sections), this technique is a powerful tool in the quick and accurate determination of the degree of stenosis. Future work includes the evaluation of this technique by applying it to more patients datasets. 
